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Abstract. Vibration signal of reciprocating compressor gas valve presents a typical characteristics 
of non-stationarity and nonlinearity. An integration approach based on local mean decomposition 
(LMD) and Lempel-Ziv complexity (LZC) is proposed in this paper for improvement of diagnosis 
accuracy. First, the LMD method is applied to decompose original gas valve signals into a set of 
product functions (PFs), each of which is stationary signal. Then, the main PF components are 
selected by mutual information (MI) method with the original signal, and the LZC of each main 
PF is computed to form the feature vectors. Finally, the BP neural networks is applied to diagnose 
the faults of reciprocating compressor gas valve based on the feature vectors above. Experimental 
results indicate that the fault features of reciprocating compressor gas valve can be extracted by 
the integration of LMD and LZC. So the proposed approach is one of ways to achieve more 
accurate diagnosis of reciprocating compressor. 
Keywords: fault diagnosis, local mean decomposition, Lempel-Ziv complexity, mutual 
information, gas valve. 
1. Introduction 
Reciprocating compressor plays an important role in petrochemical industry, where gas valve 
is an essential component of reciprocating compressor. According to statistics, 60 % of 
reciprocating compressor failures was caused by gas valve [1]. Once it fails, considerable 
economy losses and serious safety problems will arise. So gas valve fault detection and diagnosis 
is one of important tasks in industrial maintenance. Vibration signals generated by reciprocating 
compressor gas valve present a multiple impulse source characteristics, which is typical 
non-stationary and nonlinear. Therefore, it is difficult to extract features of reciprocating 
compressor gas valve, effectively.  
To process the non-stationary signal, modern time-frequency analysis techniques, such as 
wavelet transform (WT) and Hilbert-Huang transform (HHT), have been well accepted and widely 
applied to fault diagnosis of rotating machinery, which attracted more and more attention during 
the past few decades [2-3]. However, all of these techniques also present some own limitations in 
fault diagnosis of reciprocating machinery. In the case of WT, the appropriate base function needs 
to be selected in advance, which require some prior knowledge about fault mechanism. Compared 
with WT, HHT is a self-adaptive signal processing method that could decompose a non-stationary 
signal into a number of intrinsic mode functions (IMFs) based on empirical mode decomposition 
(EMD) [4]. By Hilbert transform, the corresponding frequency and energy distribution of signals 
can be obtained from IMFs. However, there still exist many deficiencies in EMD such as the end 
effects, mode mixing, IMF criterion and envelope line [5]. Recently, a novel self-adaptive 
time-frequency analysis method named LMD was first proposed by Jonathan S. Smith as an 
extension of EMD to process EEG perception data [6]. LMD can decompose a multi-component 
signal into a set of PFs, each of which is the product of an amplitude envelope (AM) signal and a 
frequency modulated (FM) signal. The gas valve signal of reciprocating compressor represents 
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AM-FM feature, which is more obvious when fault occurs [7]. So it is possible to apply LMD to 
the fault feature extraction of reciprocating compressor gas valve. However, the corresponding 
time-frequency features in different gas valve states are not accurate enough. The problem is 
mainly focused on three concepts. Firstly, the analysis results are not stable and reliable when the 
number of samples increase. Secondly, the magnitude of amplitude is much different and the 
comparability is poor. Finally, the different noise influence the accuracy degree of result. The 
above problem is closely related to the nonlinear dynamics characteristics of reciprocating 
compressor gas valve.  
The degree of nonlinearity for dynamical systems can be identified by calculating the chaotic 
characteristics of time series in dynamical systems, including correlation dimension, Lyapunov 
exponents, entropy, complexity etc. The notion of complexity is first proposed by Kolmogorov to 
measure the needed bit numbers for the shortest program that can produce a symbol series. Later, 
the specific algorithm called LZC was given by A. Lempel and J. Ziv [8]. LZC can reflect the 
information content for time series analysis involving nonlinear dynamics. Moreover, the 
normalized complexity index C of LZC can measure the nonlinear characteristics of time series 
[9]. Therefore, LZC can be extracted as the fault feature of reciprocating compressor gas valve. 
In the paper, an integration approach based on LMD and LZC is proposed for improving the 
diagnosis accuracy of reciprocating compressor gas valve. The vibration signals of gas valve in 
four states, such as normal valve, gap valve, fractured valve and bad spring valve, are firstly 
decomposed by LMD into a set of PFs and a residual term. Then, the main PF components are 
selected by MI method with the original signal, and the LZC of each main PF components is 
computed to form the feature vectors. Finally, the BP neural networks is applied to diagnose the 
faults of reciprocating compressor gas valve based on the feature vectors above. Experimental 
results indicate that the fault features of reciprocating compressor gas valve can be extracted by 
the integration of LMD and LZC. It is therefore concluded that the proposed approach is one of 
the ways to achieve more accurate diagnosis of reciprocating compressor. 
2. Algorithm and performance of LMD 
For a given signal ݔ(ݐ), the LMD algorithm can be briefly described as follows [10]. 
1) Calculate the mean of the maximum and minimum points of each half-wave oscillation of 
the signal ݔ(ݐ): 
݉௜ =
݊௜ + ݊௜ାଵ
2 , (1)
where ݊௜  and ݊௜ାଵ are two successive extremer. The local means ݉௜  are then smoothed using 
moving averaging to form a smoothly continuous local mean function ݉(ݐ). 
2) Get the local amplitude of each half-wave oscillation of the signal ݔ(ݐ): 
ܽ௜ =
|݊௜ − ݊௜ାଵ|
2 . 
(2)
The local amplitudes are smoothed in the same way as the local means to form a smoothly 
varying continuous envelope function ܽ(ݐ) . Assuming that the initial envelope estimation is 
denoted by ܽଵଵ(ݐ), and the initial mean is denoted by ݉ଵଵ(ݐ). 
3) Subtract the local mean function ݉ଵଵ(ݐ) from the signal ݔ(ݐ): 
ℎଵଵ(ݐ) = ݔ(ݐ) − ݉ଵଵ(ݐ). (3)
4) ℎଵଵ(ݐ) can be amplitude demodulated by the local amplitude function ܽଵଵ(ݐ): 
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ݏଵଵ(ݐ) =
ℎଵଵ(ݐ)
ܽଵଵ(ݐ)
, (4)
where ݏଵଵ(ݐ) is frequency modulated signal. Then the envelope ܽଵଶ(ݐ) of ݏଵଵ(ݐ) can be calculated. 
If ܽଵଶ(ݐ) ≠1, the procedure needs to be repeated n times until a pure frequency modulated signal 
ݏଵ௡(ݐ) is obtained. So: 
൞
ℎଵଵ(ݐ) = ݔ(ݐ) − ݉ଵଵ(ݐ),
ℎଵଶ(ݐ) = ݏଵଵ(ݐ) − ݉ଵଶ(ݐ),
⋮
ℎଵ௡(ݐ) = ݏଵ(௡ିଵ)(ݐ) − ݉ଵ௡(ݐ),
(5)
where: 
ە
ۖۖ
۔
ۖۖ
ۓݏଵଵ(ݐ) =
ℎଵଵ(ݐ)
ܽଵଵ(ݐ)
,
ݏଵଶ(ݐ) =
ℎଵଶ(ݐ)
ܽଵଶ(ݐ)
,
⋮
ݏଵ௡(ݐ) =
ℎଵ௡(ݐ)
ܽଵ௡(ݐ)
.
 (6)
5) The corresponding envelope of ݏଵ௡(ݐ) is given by: 
ܽଵ(ݐ) = ܽଵଵ(ݐ)ܽଵଶ(ݐ) … ܽଵ௡(ݐ) = ෑ ܽଵ௤(ݐ)
௡
௤ୀଵ
, (7)
where ܽଵ(ݐ) is called instantaneous amplitude function, and the objective is that: 
lim
௡→ஶ
ܽଵ௡(ݐ) = 1. (8)
6) The instantaneous frequency function can be defined from the pure frequency modulated 
signal ݏଵ௡(ݐ) as: 
ଵ݂(ݐ) =
1
2ߨ
݀ൣarccos൫ݏଵ௡(ݐ)൯൧
݀ݐ .
(9)
7) Multiply ݏଵ௡(ݐ) by the envelope function ܽଵ(ݐ) and the first product function ܲܨଵ(ݐ) of the 
signal ݔ(ݐ) can be obtained: 
ܲܨଵ(ݐ) = ܽଵ(ݐ)ݏଵ௡(ݐ), (10)
where ܲܨଵ(ݐ) contains the highest frequency oscillations of the signal ݔ(ݐ). 
8) Subtract the product function ܲܨଵ(ݐ) from the signal ݔ(ݐ), and a new signal ݑଵ(ݐ) can be 
obtained. Then the whole process above is repeated ݇ times until ݑ௞(ݐ) is a constant or contains 
no more oscillations: 
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൞
ݑଵ(ݐ) = ݔ(ݐ) − ܲܨଵ(ݐ),
ݑଶ(ݐ) = ݑଵ(ݐ) − ܲܨଶ(ݐ),
⋮
ݑ௞(ݐ) = ݑ௞ିଵ(ݐ) − ܲܨ௞(ݐ).
(11)
Thus, the original signal ݔ(ݐ) can be reconstructed according to: 
ݔ(ݐ) = ෍ ܲܨ௣(ݐ)
௞
௣ୀଵ
+ ݑ௞(ݐ). (12)
According to the algorithm above, LMD can extract several physically meaningful PFs and a 
residual term ݑ(ݐ), so it adapts the analysis of non-stationary signal. The PFs contain the main 
information of the original signal and can be used for the feature extraction. 
Before applying the LMD method to fault feature extraction of reciprocating compressor gas 
valve, we need evaluated its performance on some non-stationary simulation signals, for which 
the ground truth is fully known. Time–frequency representation is best suited to non-stationary 
signals, since it preserves both time and frequency information. The simulation signal ݔ(ݐ) is 
taken as an example in the following: 
ݏ(ݐ) = [1 + 0.5cos(10ߨݐ)]cos[80ߨݐ + 0.5cos(10ߨݐ)] + sin(10ߨݐ) + sin(30ߨݐ), (13)
where ݏ(ݐ) is a AM_FM signal. ݐ is 2 s and sample frequency is 1000 Hz. Add a nonlinear trend 
݀(ݐ) to ݏ(ݐ), and then the investigated signal ݔ(ݐ) is obtained as follows: 
݀(ݐ) = 1.5݁ି௧ + ݐଶ − 2ݐ + 1, (14)
ݔ(ݐ) = ݏ(ݐ) + ݀(ݐ). (15)
 
 
a) Time waveform 
 
b) WT 
 
c) HHT 
 
d) LMD 
Fig. 1. Comparison of different time-frequency analysis method for ݔ(ݐ) 
The performance comparison of WT, HHT and LMD is given in Fig. 1. It can be observed 
from Fig. 1(b), Fig. 1(c) and Fig. 1(d) that time-frequency feature can be extracted based on 
wavelet, EMD and LMD, respectively. However, the frequency resolution of wavelet is too bad 
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and the two end effects of EMD are much serious. Compared with wavelet and EMD, LMD 
method can decompose the original signal more accurately in resolution capabilities and closer to 
the truth. The AM-FM component is a horizontal line with a periodically changed magnitude, the 
carrier frequency 40 Hz and modulated frequency 5 Hz can easily be identified from the first 
horizontal line in Fig. 1(d). In addition, the harmonic frequency 15 Hz and 5 Hz can also be 
extracted. Furthermore, Fig. 2 shows that the decomposition result of ݔ(ݐ) based on LMD. It 
clearly reflects the four features: PF1 represents the AM-FM signal, PF2 and PF3 represent the 
two harmonic signals respectively. The final components ݑ(ݐ) is corresponding to the trend signal 
݀(ݐ) . The above result indicates that LMD can extract the features of non-stationary signal 
comprehensively. 
 
Fig. 2. Decomposition result of ݔ(ݐ) based on LMD 
3. Algorithm and performance of LZC 
LZC analysis is based on a coarse-graining of the measurements. Before the LZC measure is 
calculated, the time series must be transformed into a finite symbol sequence. Generally, an 
arbitrary time series {ݔ(݅)|݅ = 1, 2, 3, … , ݊} is converted into a binary series. By comparison with 
the threshold, ݔ(݅) are converted into a 0-1 series {ܵ(݅)| ݅ = 1, 2, 3, … , ݊} as follows [11]: 
ܵ(݅) = ൜0, ݔ(݅) < ݔ௔௩௘,1, ݔ(݅) ≥ ݔ௔௩௘,
(16)
where ݔ௔௩௘ is the mean of time series of ݔ(݅). Then, the LZC measure can be estimated by using 
the following algorithm as shown in Fig. 3. 
Above algorithm is repeated until ܳ is the last character. The measure of complexity is ܿ(݊). 
In order to obtain a complexity measure which is independent of the series length, ܿ(݊) must be 
normalized. If the length of the sequence is ݊ and the number of different symbols in the symbol 
set is 2, it has been proved that the upper bound of ܿ(݊) is given by: 
lim
௡→ஶ
ܿ(݊) = ܾ(݊) = ݊logଶ(݊)
, (17)
and ܿ(݊) can be normalized via ܾ(݊): 
0 ≤ ܥ = ܿ
(݊)
ܾ(݊) ≤ 1, (18)
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where the normalized complexity index ܥ is called Lempel-Ziv complexity. 
 
Fig. 3. The principle diagram of LZC 
Obviously, Eq. (18) can be established only if the sample length ݊  is large enough. The 
literature has given the experience valve ݊ ≥ 3600 [12]. The complexity index ܥ presents the 
random degree of time series. For the completely random time series, ܥ is close to 1. On the other 
hand, the periodic time series is close to 0. In practice, the vibration signals of reciprocating 
compressor vary with each fault states randomly, so the LZC can be extracted as a useful measure 
for machine health condition feature. 
Vibration signals of reciprocating compressor are usually nonlinear, which are difficult to 
establish the nonlinear dynamics model for system failure. Therefor the complexity index ܥ of 
signal can not be effectively obtained. To identify the effectiveness of LZC method, the typical 
nonlinear dynamical system are taken as an example to investigate the performance of LZC. 
Consider the following Logistic map [13]: 
ݔ௡ାଵ = ߣ ⋅ ݔ௡ ⋅ (1 − ݔ௡), (19)
where ݔ௡ ∈ [0, 1], ߣ ∈ [2.8, 4], ߣ is the control parameters, the step size is 0.01. The sample length 
of nonlinear time series is ܰ = 5000.  
According to the LZC algorithm, the complexity index ܥ  of Logistic map with different 
parameters ߣ can be calculated. The result is shown in Fig. 4. 
Observe Fig. 4(a) and Fig. 4(b), it indicates the dynamical behaviour of logistic map with 
different control parameters ߣ. The trends of lyapunov exponent and the complexity index ܥ are 
much synchronous. When 2.8 ≤ ߣ < 3.57, lyapunov exponent is less than zero and it shows that 
Logistic system enters in periodic or quasi-periodic region. Moreover, most values of LZC are 
close to zero. When 3.57 < ߣ ≤ 4, lyapunov exponent is greater than zero and it indicates that the 
system enters chaos region. Meanwhile, the complexity index ܥ tends to be around 0.5. During 
this region, lyapunov exponent less than zero including ߣ = 3.63, ߣ = 3.74 and ߣ = 3.83 are 
called periodic windows. In these regions, the complexity index ܥ is still close to zero. 
In summary, LZC can be used as indentifing the dynamical behaviour of nonlinear system 
effectively. The analysis results are stable and reliable when the number of samples 
increase.Therefore, the LZC value of different system states can be compared together without 
any prior knowledge about fault mechanism. 
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Fig. 4. The Logistic map with different parameters ߣ:  
a) bifurcation diagram; b) comparison of lyapunov exponent and LZC 
4. Feature extraction based on integration of LMD and LZC 
According to the above instruction of LMD and LZC, non-stationary signal can be easily 
decomposed into stationary one by the LMD method, and nonlinear signal can be measured with 
a stable feature by the LZC method. Considering the non-stationarity and nonlinearity of gas valve 
signal, an integration approach based on LMD and LZC is proposed for improvement of diagnosis 
accuracy. The integration of diagnosis methods can be presented as shown Fig. 5. 
 
Fig. 5. Block diagram of the integration method based on LMD and LZC 
In Fig. 5, the original gas valve signals is firstly decomposed into a set of product functions 
ܲܨଵ, ܲܨଶ,…, ܲܨ௡ by the LMD method, each of which is stationary signal. Secondly, the main PF 
components ܲܨଵ, ܲܨଶ,…, ܲܨ௠ are selected by the MI method. The definition of MI can be given 
as follow [13]: 
ܫ(ܺ, ܻ) = ܪ(ݔ) + ܪ(ܻ) − ܪ(ܺ, ܻ) = ෍ ෍ ݌൫ݔ௜, ݕ௝൯
௠
௝ୀଵ
௡
௜ୀଵ
݈݋݃
݌൫ݔ௜, ݕ௝൯
݌(ݔ௜)݌൫ݕ௝൯
, (20)
where ݌(ݔ), ݌(ݕ) and ݌(ݔ, ݕ) are the probability density function of two random variables ܺ, ܻ 
and the joint probability distribution of (ܺ, ܻ). 
MI measures the correlation degree of two signal. When they are absolute, MI value is 0. When 
they are fully the same, the value is 1. Then, the LZC of each main PF components is computed 
to form the feature vector ܥ = [ܿଵ, ܿଶ, … , ܿ௠] . Finally, the BP neural networks is applied to 
diagnose the faults of reciprocating compressor gas valve based on the feature vetors above. 
5. Application in fault diagnosis of reciprocating compressor gas valves 
In order to verify the effectiveness of this newly proposed approach, some experiments were 
carried out with four types of reciprocating compressor gas valves including normal valve, gap 
valve, fractured valve and bad spring valve. Vibration signals were collected by vibration 
acceleration transducers fixed on gas valve cover. Sample frequency is 50000 Hz and sample time 
is 0.2 s [14, 15]. Fig. 6 shows experimental equipment of reciprocating compressor. And the 
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components and interconnection of the test-bed installation is shown in Fig. 7. The components 
include the motor, the rotor-bearing system, the cylinder, the crosshead, the slideway and the 
crankcase. 
 
Fig. 6. Experimental equipment of reciprocating compressor 
 
Fig. 7. Structure sketch of reciprocating compressor test-bed 
Time waveforms of vibration signal in four gas valve states are shown in Fig. 8. A total of 200 
samples are taken for each gas valve state, of which 100 are selected as the learning data for 
training and the other 100 samples are taken as the testing data for diagnosing. 
 
a) Normal valve 
 
b) Gap valve 
 
c) Fractured valve 
 
d) Bad spring valve 
Fig. 8. Time waveforms of gas valve in four states  
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Taking the gap valve signal as an example, LMD is first used to decompose the sample signals, 
and then the decompostion result in gap valve state can be obtained as shown in Fig. 9. Moreover, 
Fig. 10 reflects the MI and LZC of each PF component. Both MI and LZC are much synchronous 
and decreasing with the decomposition layers. Obviously, the main information is included in the 
first five PF components which represent the high frequency bands of the gas valve signal. So the 
feature vector ܥ = [ܿଵ, ܿଶ, ܿଷ, ܿସ, ܿହ] of the first five PF components are then obtained using LZC 
features, respectively. In addition, the wavelet energy feature and the HHT energy feature are used 
to verify the improvement of diagnosis accuracy for the proposed integration approach. 
 
Fig. 9. Decomposition result in gap valve states based on LMD 
 
Fig. 10. Comparison of MI and LZC for each PF component in gap valve state 
The desirable output is vector [1, 0, 0, 0] for the neural network of training and learning when 
the samples of normal valve state is input. The desirable output are vectors [0, 1, 0, 0], [0, 0, 1, 0] 
and [0, 0, 0, 1] when fault samples of gap valve, fractured valve and bad spring valve are input 
respectively. The input layer node number of neural network is 15, while its output layer node 
number is 4. BP neural network adopts a hidden layer with 8 nodes. In order to verify the 
effectiveness of the proposed approach, energy features extracted by WT, HHT and LMD are also 
diagnosed by BP neural network for above gas valve samples. The diagnosis results are given in 
Table 1, it can be seen from the table that different methods have different accuracies, but the 
accuracy achievable through integration of LMD and LZC is the highest. The dignosis accuracy 
are 91.4 %, 93.1 %, 92.6 % and 94.5 % for four gas valve states, respectively. While the accuracies 
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achievable through WT, HHT and LMD are respectively improved in turn. Therefor, it is testified 
that the integration of LMD and LZC can be used to effectively improve fault diagnosis accuracy 
of reciprocating compressor gas valve. 
Table 1. Fault diagnosis results of reciprocating compressor gas valve 
Gas valve states Diagnosis accuracy (%) 
No. Name By WT By HHT By LMD By integration of LMD and LZC 
1 Normal 82.4 83.7 85.3 91.4 
2 Gap 84.8 85.1 88.7 93.1 
3 Fractured 83.5 84.2 86.5 92.6 
4 Bad spring 86.1 87.3 90.2 94.5 
6. Conclusions 
An integration approach based on LMD and LZC is proposed for the improvement of diagnosis 
accuracy for reciprocating compressor gas valve. LMD method can effectively alleviate the 
non-stationarity of signal. The stable and reliable LZC feature can be used for indentifying the 
dynamical behavior of nonlinear system without any prior knowledge about fault mechanism. In 
this study, the feature vectors are established by integrating LMD and LZC method, wavelet 
energy, HHT energy and LMD energy, respectively. The BP neural networks is applied to 
diagnose the faults of reciprocating compressor gas valve based on the feature vetors above. 
Experimental results indicate that the fault features of gas valve can be extracted by the integration 
of LMD and LZC. It is therefore concluded that the proposed approach is one of the ways to 
achieve more accurate diagnosis of reciprocating compressor gas valve. 
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